X-ray computer tomography (CT) is a non-invasive technique for image acquisition. Recent technological advances have enabled reliable and high-resolution images to be obtained. In soil samples, for example, this subserves the identification of pores and their structure and the analysis of their geometric characteristics. However, the lack of contrast between pores and solids in soil samples makes it difficult to identify the pores, and it poses problems for their connectivity when a three-dimensional (3-D) reconstruction is made from a group of consecutive 2-D images obtained with a scanner. To solve this problem, an improved sub-segmentation method, which had been developed and tested previously, was applied in this research to achieve a better identification of the pore space and consequently the solid space in the 2-D slices of the image, followed by a 3-D reconstruction of the soil sample. In this study, two soil samples were used, one real soil sample with 255 2-D CT consecutive images and a synthetic image with 215 2-D images. The latter sample was used only to evaluate the robustness of the improved sub-segmentation method and the results from analysis of the pore connectivity in a known structure. The results obtained with the improved sub-segmentation were compared with those of traditional clustering algorithms for image segmentation by k-means, fuzzy c-means and Otsu's methods. The results were promising, and the 3-D reconstruction presents a realistic structure for the continuity and coincidence of the shapes of the pores in the consecutive images. In addition, the pore regions detected have a small non-uniformity (NU) value, which indicates both good pore detection and homogeneity, which facilitates pore connectivity between the different 2-D images.
Introduction
The characterization of soil pore structure is essential for developing realistic models that describe water flow (Vogel, 2008; Dullien, 2012) or processes of microbial growth (Rockhold et al., 2004; Houston et al., 2013; Ojeda-Magaña et al., 2014) . This technique, first used in medicine, has been shown to be effective for capturing 3-D soil structures. One of its advantages is that the internal solid structure is preserved because it is a non-invasive technique and attains high-resolution images. On the other hand, the images might provide a weak contrast at the solid-void interface, in some cases creating a challenge to performing an appropriate segmentation and delimiting the pore space, as described by Cortina-Januchs et al. (2011) .
An image segmentation method consists of dividing an image into a set of discrete groups or regions. That is, each pixel of an image is associated with the group with which it has the greatest similarity. Among the different segmentation techniques are those based on thresholds, clusters, edges, neural networks, and so on. In addition, one of the most efficient techniques is based on clustering algorithms such as k-means, fuzzy c-means, possibilistic c-means and possibilistic fuzzy c-means (Bezdek, 2017) .
Binarization methods are generally used to delimit the air-filled pore space in 3-D CT soil images. They are segmentation techniques in which only two classes of pixels or voxels are distinguished. These classes are the foreground class of interest (the pore spaces) and the background class (the solid space). To separate both, the binarization relies primarily on thresholding methods, as shown by Sezgin & Sankur (2004) , in which global or local thresholds are calculated. Global thresholding calculates a unique threshold that is applied to the entire image. Meanwhile, local thresholding establishes local thresholds based on local image features. For further information, see Hapca et al. (2013) and Martin-Sotoca et al. (2018b) . In addition, Sezgin & Sankur (2004) have reviewed different threshold calculation strategies. For example, Otsu's method, which was used in this study, is a typical global thresholding method (Otsu, 1979) .
To compare the performance of different segmentation methods, we must have the real pore space or the ground truth image. Unfortunately, in many cases this information is not available. To address this problem, the use of simulated or synthetic soil images has become common. There are examples of 3-D synthetic soil images in studies conducted by Zhang (2001) , Schlüter et al. (2010) , Wang et al. (2011) and Martin-Sotoca et al. (2018b) .
In this study, we initially considered the results of Cortina-Januchs et al. (2011) and Ojeda-Magaña et al. (2014) . In the first paper, the authors tested three clustering algorithms: k-means (MacQueen, 1967) , fuzzy c-means (Bezdek, 1981) and self-organising maps (Haykin, 1999) for the segmentation of soil images. A mathematical morphology for preprocessing was applied to improve the contrast among the objects because some were very dark and their contrast was very poor (see Figure 1) . The soil images were segmented into seven to 11 regions, and the best results were obtained with nine regions. Nevertheless, only one of these nine regions represented the pores, and the remaining regions were combined to form the solid part of the soil sample. Thus, there were ultimately only two objects in each image, the pore and the soil. Afterwards, Cortina-Januchs et al. (2011) used the set of binarized images to train an artificial neural network as a classifier to detect the pores and solid regions automatically in the soil images. However, neither the validation results for the segmentation nor the correctness of the identification of pores and solid regions were reported. Therefore, we cannot use their results for a comparison with those of this study. Ojeda-Magaña et al. (2014) used a standard sub-segmentation method (Ojeda-Magaña et al., 2009 ) based on the possibilistic fuzzy c-means (PFCM) clustering algorithm. This is a robust algorithm that combines the advantages of the fuzzy (FCM) and possibilistic c-means (PCM) (Pal et al., 2005) methods. Following this approach, the images were segmented to only two regions, one for the pores and the other for the solid regions. Subsequently, each of these regions was divided into two parts or groups identified as typical and atypical sub-regions. Therefore, there were ultimately four sub-regions (two typical and two atypical) that together constituted the total image. The authors applied preprocessing to improve the contrast of the objects (pores and solid) in the soil image. In the sub-segmentation method, the threshold value was adjusted to differentiate the typical and atypical pixels of the pores, and the solid regions were segmented with the PFCM clustering algorithm. The drawback of this approach is the subjective tuning of the threshold and the sensitivity of the results to this parameter.
The value of the non-uniformity (NU) measure is of great help for evaluating the performance of the methods for image segmentation when the ground truth image is not available. This measure is related to homogeneity of the segmented regions. Thus, as the threshold in the sub-segmentation method changes, the edge between typical and atypical regions also changes. Consequently, the homogeneity of pores and solid regions changes; the NU value indicates this situation. For instance, if is greater than 0.1 in (0, 1), the atypical region of the pores loses homogeneity, and this is more evident for larger values of . In such cases, the region of the pores contains pixels that do not belong to it. On the other hand, for small values of , there are pixels of the pores that are not detected.
To identify regions of pores in the soil images with the standard sub-segmentation method, the images are divided into two objects: solids and pores. Subsequently, each object is subdivided into two sub-regions (typical and atypical) according to the typicality values of its elements. Typicalities are values, within [0, 1] , provided by the clustering algorithm and related to the pixels of the images, such that pixels with large typicality values with respect to a threshold are representative of the object and are identified as typical. On the other hand, the pixels with small typicality values with respect to the threshold are related to the object but represent it only weakly, and so they are identified as atypical. Therefore, the elements with typicality values closer to 1 and greater than the threshold are grouped in the sub-region of typical elements, whereas the elements with typicality values closer to 0 and smaller than the threshold are grouped in the sub-region of atypical elements. The objects of interest in this study are the pores and these correspond to the atypical sub-region of the pores. The group of pores does not form a single region and pores can be scattered throughout the image with variable shapes, sizes and transitions. Under these conditions, the use of the improved sub-segmentation, also based on the PFCM clustering algorithm, is a better alternative because it has the advantage of being able to identify the pore and solid regions in a more consistent way. In addition, this method initially identifies only two regions, corresponding to pores and soil, although each region is subsequently subdivided into three sub-regions (one typical and two atypical sub-regions). It is one of the atypical sub-regions of the pores that represents the elements we are looking for in this study, that is, the pores. The benefits of using the improved sub-segmentation method are twofold. On one hand, the pores identified are closer to the real ones, and on the other this method is less sensitive to changes in and so is more robust. The closeness between identified and real pores has been evaluated through the intrinsic quality of the identified pores, the NU value that shows great homogeneity in the pore regions and the 3-D reconstruction that shows great continuity in the pores throughout the set of 2-D images of the soil sample. The identification of pore structures of soils is very important for different reasons. In this study we have used a set of images corresponding to a real sample of soil (255 2-D images), see Harris et al. (2003) , to identify and reconstruct its 3-D pore structure. The approach followed in this study was to use partitional clustering algorithms to identify the pores in the images, and to test the improved sub-segmentation method (Ojeda-Magaña et al., 2018) to obtain better results than those obtained with the standard sub-segmentation (Ojeda-Magaña et al., 2014) . In order to have results for a comparative analysis, we also tested classical partitional clustering algorithms (k-means, fuzzy c-means and Otsu's method) on a set of synthetic images (215 2-D images) obtained from Martin-Sotoca et al. (2018b) . The additional flexibility of the improved sub-segmentation should enable us to identify a realistic 3-D pore structure from the location, shape, size and continuity of the pores through the images.
The aim of this research was to improve the pore detection previously reported by Ojeda-Magaña et al. (2014) based on standard sub-segmentation and all preprocessed images. In this case, however, we used an approach based on the improved sub-segmentation described in Ojeda-Magaña et al. (2018) , but tested twice with the same dataset as that used in the previous study, once with the original images and once with the preprocessed images. The test with preprocessed images was performed to compare the results of the improved and standard sub-segmentation, in both cases using a threshold of 0.08. In addition, the improved sub-segmentation with equal to 0.2 was applied to the original images that provided the best results, and these were compared to those obtained with Otsu's method. In both cases, we provide a 3-D reconstruction of the pore volume of the sample.
Materials and methods

Real CT soil sample description
An arable sandy loam (Caprow; organic matter, 2.6%; sand, 71%; silt, 19%; clay, 10%; pH 6.2) soil sampled from an experimental site (Bullion field) of the Scottish Crop Research Institute, UK (SCRI) was packed into polypropylene cylinders with diameters of 6 cm and heights of 5 cm. The bulk densities were 1.2 Mg m −3 . For further details, see Harris et al. (2003) .
The soil sample was imaged with a MetrisX-Tek X-ray microtomography system (Tring, UK) at 160 kV and 201 μA, producing 3003 angular projections. An aluminum filter (0.10 mm) was applied to minimize beam hardening. A reconstruction process also provided several corrections. Radiographs were reconstructed into a 3-D volume using Nikon XT software (Nikon, Metrology NV, Leuven, Belgium). They were then imported into VGStudio Max software (Volume Graphics, 2015) and converted into 8-bit binary BMP images.
The 3-D image of the soil sample used in this study consists of 260 × 260 × 260 voxels with a resolution of 30-μm (voxel length size). For further details, see Pajor et al. (2010) . This sample was selected because it shows a greyscale value (GV) histogram with unimodal shape. Threshold calculations are typically easier using bimodal histograms than unimodal histograms because two obvious objects can be easily identified in the histogram. A unimodal shape is unfavourable for the identification of objects inside an image, and it could be a great challenge for segmentation methods such as the improved sub-segmentation method used in this study. For the real soil sample, 255 2-D slices were extracted from the full image stack (composed of 260 slices of 260 × 260 pixels) to test the proposed 2-D sub-segmentation method. These original images were in *.BMP format.
Synthetic soil image description
The 3-D synthetic soil image used in this study was obtained by the truncated multifractal (TM) method (Martin-Sotoca et al., 2018a , 2018b . This new method to create synthetic soil images was developed with the aim of comparing different segmentation methods and focuses on simulating soil CT images. The resulting synthetic images were characterized by (i) having clear unimodal GV histograms, (ii) showing a spatial distribution of pores with self-similar properties, (iii) including a pebble space in addition to the pore space and (iv) showing weak contrast at the solid-pore interface. All these characteristics are found in soil CT images.
The construction of synthetic soil images by the TM method can be summarized in the following steps (Martin-Sotoca et al., 2018b) .
1.
Delimitation of the pore space (ground truth) and the pebble space by truncating a Sierpinski multifractal (Perfect et al., 2006) . In this step, the scaling nature of the pore and pebble spaces is replicated.
Assignment of average GVs to each delimited space:
GV Porespace = 0, average GV Background and average GV Pebblespace . In this step, the skeleton of the GV histogram (a histogram with only three values) is defined. 3. Adding Gaussian white noise (GWN). At this stage of the method, a soil synthetic image with high resolution is simulated. 4. Filtering the previous image with a simple low-pass filter. The effect is a reduction in the image contrast.
The 3-D synthetic soil image (see Figure 2 ) consists of 215 slices of 2-D images and has the advantage of having the corresponding 215 ground truth images. Each 2-D image has a size of 215 × 215 pixels, with 8 bits of resolution in the greyscale, and is given in *.TIFF format. These images have been generated with considerable variation in the grey levels of the pixels that represent the pores so that identification of these objects is a challenging task (see Figure 3 ).
Image segmentation with clustering algorithms and sub-segmentation
The goal of image segmentation based on partitional clustering algorithms is to divide the set of pixels of an image into a given set of disjoint regions according to a similarity criterion (probabilistic, fuzzy, possibilistic) in the space of features. Subsequently, these regions are represented in the spatial domain to visualize the segmented objects and to facilitate the extraction of more knowledge from the images. In the clustering process, a cluster of pixels is usually associated with a prototype for the most representative pixel, which is also considered the centre of the cluster. Conceptually, it is simple; nevertheless, its practical implementation poses serious challenges because the objects might not be so different according to the values of their features. For this reason, the segmentation results usually have a certain degree of subjectivity, which requires the use of the most objective evaluation criteria possible and, when possible, the use of results from experts who have performed this activity manually. Their values may be used as references for the results generated automatically or semi-automatically.
One of the most common and most often applied clustering algorithms for image segmentation is the FCM. However, the clustering algorithms use the values of features of the objects in the image, whereas the other segmentation algorithms use the spatial information (Chuang et al., 2006; Zhao et al., 2011) . Thus, each type of algorithm uses a function that depends on the distance between the values of the features or the position of the pixels and the values of the representative element of each group, known as the prototype.
For a single feature, as in this study, each pixel is represented by the values x i , y i and z i , where the first two values give the spatial location of the pixels (pixel position in a plane) and the third the value of the feature on a greyscale. Therefore, each feature of an image, I m × n where m and n represent the number of pixels through the length and width of the image, respectively, such as the GV in this case, is represented by a unidimensional vector:
, where (q) remains related to the spatial location (x i , y i ) of each pixel and N represents the total number of pixels in an image and is given by N = m × n. Therefore, we call the dataset z i the feature vector (FV), which can be grouped into a required number of clusters c with a suitable hard, fuzzy, possibilistic or possibilistic-fuzzy clustering algorithm. The partitional clustering algorithms partition FV (z i ) and provide either a membership matrix (U HCM , U FCM , U PFCM ) or a typicality matrix (T PCM , T PFCM ), or both, where ik and t ik represent, respectively, the membership and the typicality of the kth pixel of region R i . The membership matrix U or the typicality matrix T allows each pixel of the image to be labelled to
, and k = 1, … N, knowing that R 1 represents the pores and R 2 the soil. Thereafter, the soil image I m × n can be reconstructed with the vector r k , k = 1, … N that contains the labelled pixels and the corresponding spatial location of each pixel in such a way that we obtain the segmented image I Seg(m × n) .
The general steps of a partitional clustering algorithm, such as the HCM, FCM, PCM or the PFCM, are briefly as follows.
Given a dataset z i = z 1, z 2 , … , z N , corresponding to N pixels in an image:
1. Establish the number of groups or objects (c=2, pore and solid) to identify and a threshold as a stop criterion. 2. Randomly assign initial values to the features of the c prototypes. 3. Calculate a matrix of membership degrees or typicality values, or both, for each of the N pixels and each of the c groups.
4. Obtain the prototype values through a weighted sum. 5. Evaluate if the differences among the actual membership degrees or typicality values, or both, and the previous values, are smaller than the threshold . If this is the case, stop. Otherwise, go to step 3 and begin a new iteration.
From a functional point of view, the groups in the FCM depend on the membership and a parameter m, called the fuzzifier, that is, g = f ( , m). For the PCM, there is something similar where the groups are given by g = f (t, ), corresponding to the typicality values t and a parameter , which has a similar effect to m in the FCM algorithm, and it gives a greater weight to the greatest values of typicality in the algorithm, whereas for the PFCM we have g = f ( , t, m, , a, b) , which also includes the parameters a and b that represent relative importance between membership and typicality values in the computation of prototypes. The parameters m, , a and b take values defined by the user; the main function of m and is to provide more weight to the membership and typicality values closer to the unit, whereas parameters a and b give the relative importance between degrees of membership and typicality values. The parameter b, which weights the typicality values in the PFCM, is generally assigned a value greater than that of a.
In the case of the standard sub-segmentation (Ojeda-Magaña et al., 2014) for the identification of pores, first we extracted the FV(z i ) of a soil image. Second, the PFCM clustering algorithm was applied to identify pores and solid regions, that is c = 2. From the clustering algorithm, we obtained the U PFCM , T PFCM and v PFCM data. Then, we applied the standard sub-segmentation with the typicality matrix:
A value for the threshold was selected in (0, 1). With the t max vector and , all the pixels for each region R i (pores and soil) were separated into two sub-vectors (t 1 , t 2 ) whose elements are the typicality values of the pixels. For the first sub-vector, we have:
where the values of t 1 are related to the pixels identified as typical because they had a typicality value greater than or equal to . On the other hand, for the t 2 sub-vector, we have:
and the values of t 2 are related to the pixels identified as atypical because their typicality values were smaller than . The labelling and separation of the z ik pixels of t 1 are performed by:
for t 1 and t 2 ,
for T 2 , such that each region R i is divided into two sub-regions of typical and atypical pixels, that is:
Thus, the FV was initially divided into two regions, pores and soil. Then, each of these regions was subdivided into typical and atypical pixels. Therefore, we had:
According to the previous definition, R 1 pores was the region of interest in this study. This region contained pixels with very small grey values or darker pixels (possible pores) and pixels that were not so dark or lighter grey (solid space). Therefore, this region could be divided into typical pixels and denoted R 1 typical 1 , corresponding to the pixels closer to the centre of the cluster and not representative of the pores, and atypical pixels, denoted R 3 atypical . These pixels were located on both sides of the R 1 typical 1 region. The pixels with lower intensity than that of R 1 typical 1 were related to the pores, whereas the pixels with greater intensity than the pixels of R 1 typical 1 were related to the solid space. Therefore, R 1 atypical 3 could contain pores and solid space, but to avoid this problem R 1 atypical 3 should not have pixels with grey values beyond R 1 typical 1 . This could be achieved with a very small value for the threshold of the standard sub-segmentation that must be tuned such that R 1 atypical 3 only has pixels representing the pores. This is a drawback of standard sub-segmentation because we obtained a good approximation of the pore regions, even though some pixels of these regions were not detected with small values of . Therefore, we proposed to use the improved sub-segmentation method described in the next section, which overcomes this limitation of the standard sub-segmentation.
Detection of pore spaces in CT soil images
The following is a detailed description of the proposed methodology for identifying the pore space:
1. Selection of the soil sample (real or synthetic) and its corresponding images (CT images in 2-D that have been extracted from a 3-D object).
If necessary, improve the contrast of the soil images.
3. Determine the pixels of the dataset z i = z 1 , z 2 , … , z N . 4. Segmentation of the set of soil images using the grey level as the unique feature of the pixels. Use the PFCM algorithm with the recommended parameters (a = 1, b = 4, m = 2, = 2) to label the data of the T PFCM matrix in relation to the typicality value. 5. Once you have the T PFCM matrix, apply the improved sub-segmentation. Then, apply Equations (1) to (4) and, according to Equations (7) and (8), separate the atypical pixels in relation to their position with respect to the prototype v i of each region R i . 
R i atypicalRegion 2c+i
Therefore, each region R i is defined as:
with a threshold of 0.2 (recommended) to divide each region (pores and soil) into three sub-regions, one typical and two atypical:
and
Now, the sub-region that contains the pores is 'R 1 atypicalRegion 5 '.
6. Binarize each sub-region. 7. Identify the binary 'R 1 atypicalRegion 5 ' sub-region, which contains the pixels representing the pores (see Figure 4) , for the 3-D reconstruction. 8. Identify the sub-regions of the pores in each of the images and calculate the statistical parameters (number of pores, maximum size, mean size and porosity). 9. Calculate the false-positive rate (FPR) and the false-negative rate (FNR), if and only if we know the ground truth information. 10. Calculate NU for each of the segmented soil images and with this value evaluate the quality of the segmentation. As this value approaches zero, the results approach the real objects. 11. Once you have the set of binary images with the pores identified, stack them in the corresponding order to have a discrete 3-D reconstruction. 12. Interpolate between each of the binarized images to perform the 3-D construction of the CT sample soil.
Comparison criteria
When ground truth information is available, the false-positive rate (FPR) and false-negative rate (FNR) can be used for comparison among the results of several segmentation methods. The FPR value corresponds to the rate of the number of background pixels (B O , solid space ′ ground truth') misclassified as foreground (F T , pore space ′ test images ′ ) to the total number of background pixels in the ground truth (GT) image. Here, the symbol |A| represents the cardinality of set A. To calculate this parameter, we use Equation (10):
Moreover, FNR is the ratio of the number of foreground (F 0 , pore space GT) pixels misclassified into background (B T , solid space 'test images') to the total number of foreground pixels in the ground truth image; it is calculated with Equation (11):
The values for FPR and FNR are in the interval (0, 1). Therefore, when they take values near 0, there is great similarity between the working and ground truth images. Values of FPR and FNR near one indicate serious over-segmentation and under-segmentation, respectively.
The non-uniformity (NU) measure can be used to assess the quality of the segmentation, even when ground truth information is not available (Zhang, 1996; Zhang, 2001 ). This measure is calculated by:
where |F T | represents the number of pixels in the pore regions, |F T + B T | is the total number of pixels in the segmented or binarized image, 2 P is the variance of GV in the segmented pore space and 2 is the total variance of GV in the greyscale image. The NU values are in the interval (0,1), where a well-segmented greyscale image will take values close to 0 and the worst cases will take values close to 1.
Results and discussion
The improved sub-segmentation method was applied in all cases. For the synthetic sample, the results were compared with the k-means, FCM and Otsu methods. The results of the preprocessed real sample and the original sample were compared with the standard sub-segmentation method and results of Otsu's method, respectively. For real images, we do not have information on the pores (ground truth). Therefore, only the NU value and the properties (total porosity, pore size distribution, maximum pore size, average pore size and number of pores) were used to evaluate the segmentation.
Comparison of the improved sub-segmentation method using a synthetic soil sample (f) shows the binarization of the pore spaces according to the different methods used: k-means, FCM, improved sub-segmentation and Otsu. Because the ground truth information for the synthetic soil sample was available, the parameters FPR and FNR were calculated, allowing a comparison between the different methods. Comparing the binarized images obtained verified that the results were similar in all cases. This was because the pores in the synthetic images had sharp changes in the grey values of their elements, which resulted in very inhomogeneous pore regions. Table 1 gives the statistical results concerning the detection of pores in the 215 2-D synthetic images, and the comparison to the ground truth images of the results for the different methods: k-means, FCM, Otsu and improved sub-segmentation. All methods underestimated the average number of pores in the synthetic images; this result was also related to the overestimation of pore size because all methods determined larger pores. However, the percentage porosity was relatively close in all cases. Moreover, the porosity identified in each 2-D image was very similar among the different methods even though the size of pores differed markedly.
The improved sub-segmentation had the smallest FPR value, which means that this method assigned the fewest solid pixels to the pore regions. On the other hand, the results for all the methods were relatively poor. This can be verified through the quantification of the FNR parameter; that is, the grey values of the pixels of pores of the synthetic images varied considerably because of their inhomogeneity, resulting from under-segmentation of the pores, or regions with fewer pixels that they really contain. This is the explanation for why all the algorithms used for the segmentation were unable to identify the pores correctly. Finally, the NU values calculated were very small for the synthetic images, including the ground truth images with the largest NU values (pores very inhomogeneous). Therefore, even in these cases, the regions identified were as homogeneous as possible despite the great variation in their grey levels.
Comparison of the improved sub-segmentation method using real soil images
When the real preprocessed images were used, the results with the standard and improved sub-segmentation methods were very similar. The statistical parameters in Table 2 verify this, except for the mean number of pores identified. The mean numbers of pores identified, obtained with the standard and improved sub-segmentation methods, were 97.4 and 56.6, respectively, whereas their NU values were 0.13 and 0.0511. This means that the improved sub-segmentation identified fewer pores, but they were in more homogeneous groups.
For the real original images, however, Figure 6 shows that there were large differences between the results of the improved sub-segmentation method (with = 0.2) and Otsu's method. Here, detection of the pores was enhanced by the improved sub-segmentation method, even if the contrast in the images was very poor. In addition, there was also continuity of the pores through the consecutive images (see images Im089, Im090 and Im091, Figure 6 ). Together with the better homogeneity according to the NU value, this can be considered evidence that the detection was correct. Figure 7 contains the binarized images Img005 to Img008 with the pores identified by the improved sub-segmentation and Otsu methods. These are consecutive images; therefore, the correspondence of the pores through the images (position, size and shape) is very good. For example, if we consider the binarized images of Figure 7 (b), corresponding to the improved sub-segmentation method, most pores have continuity, increasing or decreasing, through the images, but there are very few isolated pores that disappear in the consecutive images. With Otsu's method, good continuity was also evident for many pores (Figure 7d ). In this case, however, there are also many isolated pores that do not continue through the consecutive images. 
Table 1
Comparison of the number of pores, maximum pore size (in pixels), average size (in pixels), total porosity, false-positive rate (FPR), false-negative rate (FNR) and finally the non-uniformity (NU) value for the synthetic sample Because the structure of porosity of the real sample is not available, we have used the NU measure, in addition to some statistical parameters, and the estimated 3-D reconstruction of porosity to evaluate the results. The NU value was calculated for the 255 original soil images with Otsu's method and the improved sub-segmentation method (see Figure 8) . In this way, the improved sub-segmentation method has enabled us to obtain the best results, with an NU value of 0.508 that is close to 0. Moreover, the results with the original images were even better than those obtained with the preprocessed images (this can be confirmed by comparing the NU values in Table 2 ). Therefore, this also represents an additional advantage in real applications.
Ground-truth k-means
One of the limitations of the standard sub-segmentation method relates to its inability to differentiate between atypical values; that is, the prototype of a group has a grey value in the range [0, 255] and the pixels that represent the same object have similar grey values. However, as the pixels become less representative of the object, their grey value decreases towards 0 or increases towards 255. At the limit of the pixels that represent the object, we find the atypical pixels with the darkest and the lighter colours of the object. Thus, the limitation of the standard sub-segmentation is that both kinds of atypical pixels, even when they are different, are considered as elements of a single sub-region. Consequently, the results are very sensitive regarding the threshold value . Thus, the alternative in this case for a better identification of the pores was to select relatively small values of ( = 0.08 in this study), knowing that some pixels of the pores would not be detected correctly. According to the improved sub-segmentation results, there was an increase in the quality of pore detection because the pixels of the sub-region R 1 atypicalRegion 5 are the darkest (GV close to zero) ones in the entire image and these are the elements that represent the pores. Sensitivity to the threshold was reduced significantly (the value used here was = 0.2) because there were small changes in the NU value for important changes in , from 0.08 to 0.2, knowing that is defined in (0, 1). The latter was observed in practice by the small changes in NU, despite the important changes in . To obtain the best approximation of the pores following this approach, the threshold value must be increased from a very small value and NU must be calculated for each tested. Therefore, we retained the threshold where NU reached its minimum, which showed that there is an important relation between and NU.
Porosity
The percentage porosity for the 215 synthetic soil images was calculated from the binarized images generated by each segmentation method (see Figure 9) . Using the improved sub-segmentation method, the mean percentage porosity was 15.08%, which was closer to the ground truth porosity value of 14.06%, whereas the corresponding mean porosity was 15.97% for the FCM method, 16.05% for Otsu's method and 16.20% for the k-means method, which gave the largest difference in porosity (see Table 1 ).
The mean percentage porosity of the standard and improved sub-segmentation methods for the real preprocessed CT soil images was calculated from the 255 binarized real soil images shown in Figure 10 . The porosity in this case is very similar for both methods with the same value (0.08); specifically, we obtained 21.79% porosity for the standard method and 21.35% for the improved method, which is less. Moreover, this method was better at discriminating the pixels belonging to the pores and soil (see Table 2 ). The results gave more homogeneous groups in some images, which were represented by smaller NU values (see Figure 11 ). However, for poor-quality images, it could be very difficult to identify the pores, and we could obtain a porosity near 100% because the pores were poorly identified (Figure 10) .
The porosity in the real CT soil images obtained with the improved sub-segmentation of 11.32% with a threshold of 0.2, was different from that obtained without preprocessing (26.93% for Otsu's method) (see Table 2 and Figure 12 ). These differences originated from the limitations of Otsu's method, which could not detect pores in 21 images with very poor contrast, and could only identify a small group of pixels belonging to the solid space, assigning the remainder of the image to the pore regions. On the other hand, the improved sub-segmentation was more robust in identifying pores in such images. In addition, the NU values were smaller, which indicates greater homogeneity of pores and a smaller probability that these groups contain pixels corresponding to the solid space (see Figure 8) .
Reconstruction of pore spaces in 3-D CT soil images
Once the pore spaces had been identified in all the real and synthetic soil sample images, and the different segmentation methods applied, we proceeded to place the segmented images into the corresponding sequence to obtain a discrete 3-D reconstruction of the pores. In the first instance, we used only five images to illustrate the coincidence and continuity of pores through the different images, together with the appearance of isolated pores in some images. The results in Figure 13 (b) illustrate the reconstruction of the pores through the five images, where the brown colour shows the contact surface of the pore with the solid region, whereas the grey colour represents the pores. Thereafter, the entire reconstruction of the pores was carried out with the results of the improved sub-segmentation method and the original images (see Figure 14) . The pores, seen through several images, grow, decrease or even disappear when they have continuity. The continuity and correspondence in the form of the pores also provide a qualitative criterion to determine whether the pores have been identified correctly, which gave convincing results in this case. Likewise, better continuity was observed between the pores in terms of position and shape, as well as small groups of micropores that also had continuity in the contiguous images. Figure 14(b) shows the 3-D reconstruction of the pore space, and the shapes obtained are closer to the real structure of the porosity of the sample. In addition, the algorithm behaves more robustly with images with very poor contrast, as in the identification and homogeneity of the pores.
The entire 3-D reconstruction for the results with Otsu's method and the 255 2-D original real soil images are provided in Figure 15 . In this case, the porosity identified can be questioned because the total volume of the pores in the sample is greater than the calculated percentage, when in reality it should be only 26.93%, as reported in Table 2 . In addition, there was virtually an entire pore for the images with very poor contrast, and the colour is relatively close to black (GV close to 256). This is evident in the central part of Figure 15 (b). In addition, with Otsu's method a large number of 'micropores' or noise were also identified.
Conclusions
This study was carried out with two sets of images: synthetic and real. For the synthetic sample, all methods (k-means, FCM, standard sub-segmentation, improved sub-segmentation and Otsu's method) identified the porous structure with similar results. On the other hand, the improved sub-segmentation method gave better results for the real images. For example, for the preprocessed real sample it gave fewer pores and greater homogeneity, whereas for the original images of the real sample it gave a more realistic 3-D pore structure in addition to better statistical values.
The NU value decreased for the improved sub-segmentation method, which means that these results correspond to the most homogeneous pores or that most of the pixels were identified correctly, even for images with poor contrast. This latter could also be related to some robustness in the method. In addition, the pores in the set of images showed good connectivity, unlike the poorer results from Otsu's method. Thus, the 3-D reconstruction has provided a view of the porous structure estimated for the real sample.
The results obtained with the NU value, the statistical parameters and the reconstructed porosity in 3-D and improved sub-segmentation methods enabled us to obtain better results. In addition, the results with the original images were better than those obtained with the preprocessed images, which represents an additional advantage for real applications.
